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Deciphering genetic regulatory codes remains a challenge. Here, we present an effective approach to identifying in vivo condition-specific
coregulation with cis-regulatory motifs and modules in the mouse genome. A resampling-based algorithm was adopted to cluster our microarray
data of a stress response, which generated 35 tight clusters with unique expression patterns containing 811 genes of 5652 genes significantly
altered. Database searches identified many known motifs within the 3-kb regulatory regions of 40 genes from 3 clusters and modules with six to
nine motifs that were commonly shared by 60–100% of these genes. The upstream regulatory region contained the highest frequency of these
common motifs. CisModule program predictions were comparable with the results from database searches and found four potentially novel motifs.
This result indicates that these motifs and modules could be responsible for gene coregulation of the stress response in the lacrimal gland.
© 2005 Elsevier Inc. All rights reserved.Keywords: Coregulation; Cis-regulation; Motif; Module; Cluster; Microarray; Transcription factor; Stress response; Gene expression; MouseCis-regulatory elements are considered to be a key
component of the gene regulatory process but continue to
remain elusive because they are very small, scattered widely
over the genome's noncoding regions, and difficult to locate
using conventional approaches [1–6]. Cis-regulatory elements
are usually organized into modular units referred to as cis-
regulatory modules (CRMs) that are composed of groups of
short DNA motifs, each of which has an affinity for one or
more sequence-specific DNA-binding proteins or transcription
factors (TFs) [5,7–9]. Completion of the human and model
organism genome sequences accelerated the pace of discovery
of cis-regulatory elements using computational tools and
comparative DNA sequence analysis to search for and predict
regulatory elements [2,10–18]. With a purely computational
tool, however, one is still uncertain as to whether a predicted
regulatory element actually possesses the expected function⁎ Corresponding author. Fax: +1 503 494 3929.
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doi:10.1016/j.ygeno.2005.11.015[2,5]. A combination of computational and experimental
methods has been shown to be a valuable approach for
finding and validating CRMs [7–9,19,20]. Using this strategy,
most studies have analyzed organisms with smaller genomes,
such as yeast [9,20–22], Caenorhabditis elegans [23], and
Drosophila [7,8,19], whereas only a few have attempted to
analyze regulatory elements in mammalian genomes [24–26],
which are highly integrated and, presumably, much more
complicated. At present, two different approaches have been
attempted to uncover regulatory codes within genome
sequences. One of these pursues the general objective of
identifying either all of the possible binding sites for a single
transcription factor protein [19,27–31] or binding sites for all
types of transcription factors over the whole genome
[17,18,25,26]. The other approach has been to uncover those
regulatory elements in a genome that respond to a specific
status or environmental condition [7–9,20]. The former is
effective in supplying large amounts of non-condition-specific
information concerning regulatory codes. However, any given
transcription factor binding site may be repeated frequently
over the whole genomic sequence [19,30], and many, if not
501D. Choi et al. / Genomics 87 (2006) 500–508most, DNA regulatory regions contain multiple binding sites
for many transcription factors [7,32]. A particular binding site
motif may not always be relevant or functional in a given
circumstance [2]. The complexity of this architecture suggests
that the latter condition-specific objective regarding cis-
regulatory element analysis will be critical to the identification
of functional gene regulation mechanisms under various
conditions.
Gene coexpression has been explored since the creation of
large-scale gene microarrays. Proposed mechanisms for gene
coexpression have depended on physical location, whereby
adjacent genes [33] and pairs of genes [34] are coexpressed, and
function, whereby genes with the same function are coex-
pressed [35], termed “guilt-by-association” [36]. However, a
coregulation mechanism was introduced to explain coexpres-
sion in the yeast genome [21,37], whereby coexpressed genes
shared common regulatory motifs of transcription factor
binding sites. To explore coregulation mechanisms further in
complex mammalian genomes, we hypothesize that the
condition-specific coexpression of genes in the mouse lacrimal
gland after corneal injury is driven by a coregulation mechanism
in which coexpressed genes share common regulatory motifs
and modules. To test this hypothesis, our large-scale microarray
experiment provides an ideal case containing the essential
condition-specific gene expression data [38]. The extraction of
coexpressed genes from a noisy large dataset will be a crucial
step. In this study, we adopted a resampling-based algorithm
developed by Tseng and Wong [39] for tight clustering to
extract coexpressed genes that had stable and tight expression
patterns. Then, two computational tools, i.e., TRANSPLORER
conjugated with the TRANSFAC database [40] and a motif and
module prediction program, CisModule [41], were chosen to
identify cis-regulatory motifs and modules within the genes of
these clusters. The results suggested that complementary
utilization of these two tools produced more reliable results
that supported our hypothesis. Also, analyzing coexpressed
genes clustered from complex organisms in vivo would provide
opportunities to discover the full range of condition-specific
correlations between the phenotypes (gene expression patterns)
and the genotypes (cis-regulatory motifs and modules).
Results
Results of cluster analysis
We performed a cluster analysis of our microarray data based
on the initial four time points (0.5, 1, 3, 8 h after corneal injury)
from an eight-time-point dataset by employing the tight
clustering algorithm [39]. The initial time points are within
the most critical time frame for changes in gene expression after
corneal injury [38]. We grouped the 5652 significantly altered
genes into 35 tight clusters that contained a total of 811 genes,
each cluster containing genes that were tightly coexpressed. Fig.
1 clearly shows the distinctive expression patterns of the
clusters (see Supplemental Table 1 for the gene list). We further
analyzed clusters 2, 10, and 12 to search for common motifs and
modules within these clusters. Among the three clusters,clusters 2 and 10 demonstrated primarily up-regulation, and
cluster 12 demonstrated down-regulation (Fig. 1).
Sequences of coexpressed genes
The gene ID was used to search the University of California
at Santa Cruz (UCSC) Genome Browser (http://genome.ucsc.
edu/cgi-bin/hgGateway) and identify the specific genome DNA
sequence for all 50 genes from clusters 2, 10, and 12. This
search generated sequences for 40 annotated genes that had
clearly identifiable exons, introns, start and end sites, and
orientation; an annotated gene name based on the Swiss-Prot
and TrEMBL databases; and mRNA and reference sequences
provided by the UCSC Genome Browser. Thirty-seven genes
were known and 3 were hypothetical genes. Another 10 genes
(2 genes from cluster 2, and 8 genes from cluster 10) did not
satisfy the criteria above and, therefore, were not used for
further analysis. Then, 3-kb sequences around the annotated
transcription start site (TSS) (Fig. 2) were downloaded for
analysis. Most of the genes had one cytosine phosphoguanine
(CpG) island that was often present near the TSS from upstream
to downstream, crossing the TSS, or overlapping with the first
exon (Fig. 2). A few genes had more than one CpG island and a
few had none.
The distribution of binding site motifs of known transcription
factors within the genome sequences
By TRANSFAC database searches using the TRANS-
PLORER program [40], we found multiple unique DNA
binding site motifs of many known transcription factors in the
regulatory regions of these 40 genes. Some motifs presented
more than once in a single gene. We identified a total of 1528
sites for 234 unique known transcription factors within the
regulatory regions of 40 genes (Table 1 and Supplemental Table
2). These binding sites had not been previously reported for
these genes. The regulatory regions of the 18 genes of cluster 2
contained 706 binding sites for 188 known transcription factors,
the 7 genes of cluster 10 contained 320 binding sites for 114
known transcription factors, and the 15 genes of cluster 12
contained 537 binding sites for 153 known transcription factors
(Supplemental Tables 3, 4, and 5). Among these binding site
motifs, more than two-thirds (72.6%) were located upstream,
and less than one-third (27.4%) were located downstream of the
TSS. Surprisingly, the CpG islands were not the major location
of the binding site motifs. Only 19.3% of motifs were in the
CpG islands, while 80.7% of motifs were in the non-CpG island
region. The exons also contained some cis-regulatory motifs but
this was not a substantial number. Only 6.9% of the total motifs
were located on exons (Table 1).
Identification of common binding site motifs and module
formation of known transcription factors
Altogether, for each cluster, we found binding site motifs of
6 to 10 transcription factors that were commonly present in 60
to 100% of the genes from that cluster. The genes in cluster 2
Fig. 1. Graph showing the differential gene expression patterns grouped by cluster analysis on the microarray data in mouse lacrimal gland after corneal injury. The colors
represent the ratios of gene expression. Red represents up-regulation, green down-regulation, and black is no change. The data from the first four time points (T1 to T4) of the
total eight-time-point course were analyzed to generate 35 tight clusters (C1 to C35), containing a total of 811 genes. The gene sequences of clusters 2, 10, and 12 were chosen
for analyzing the transcription factor binding sites and CisModules. The gene IDs and the names of these three clusters are shown on the right side indicated by arrows.
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control protein 5 (CDC5), hepatic nuclear factor 1 (HNF1),
paired box protein (PAX), direct repeat 4 DNA binding proteinFig. 2. Schematic illustration of a typical cis-regulatory region used for transcription
factor binding site motif and module analyses in the mouse genome. The 3-kb
sequence of the regulatory region of each gene contains 2 kb upstream and 1 kb
downstream of the transcription start site (TSS; shown with arrow), one to several
exons, and usually oneCpG island. The solid bars on the line represent the exons. The
open bar under the line represents the CpG island. The length of the bars is
proportional to the average length of the exons and CpG islands for the 40 genes.(DR4), hepatic nuclear factor 4 (HNF4), and myc-associated
zinc finger protein (MAZ). The genes in cluster 10 shared
common motifs of 9 transcription factors as did the genes in
cluster 12 (Table 2). This architecture constituted the basis for
the formation of cis-regulatory modules. Every gene in each
cluster had a slightly different module structure consisting of a
combination of various motifs (Fig. 3). We then mapped the
combined location and density of these common motifs
occurring within regulatory regions of the genes in each cluster.
Fig. 4 compares the patterns of motifs between the three
clusters. This graphic representation reveals the repeated
alignment and proximity of some of the common motifs within
each cluster, such as CDC5, HNF1, and PAX, in both up-
regulated clusters 2 and 10, and FOX, FOXD3, HNF1, and
HNF3 in down-regulated cluster 12. We divided the 3-kb
sequence into six segments of 500 bp each to identify the
precise location and to rank the frequency of these common
Table 1
Summary of the known binding site motifs of transcription factors in 3-kb sequences (2 kb upstream and 1 kb downstream) of 40 genes of clusters 2, 10, and 12
Subject Total
No. of
binding
sites
No. of
binding
sites on
forward
strand
No. of
binding
sites on
reverse
strand
No. of
binding
sites
upstream
No. of
binding sites
downstream
Total No.
of CpG a
islands
Total length
of CpG
islands (kb)
Total No. of
binding sites on
CpG islands
Total length of
non-CpG
island (kb)
Total No.
of binding
sites on
non-CpG
island
Total No.
of binding
sites on
exons
Number 1528 798 730 1110 418 41 28.518 295 91.482 1233 106
% 100 52.1 47.9 72.6 27.4 n.a.b 23.8 19.3 76.2 80.7 6.9
Density/gene 38.2 19.9 18.3 27.8 10.5 1.03 0.713 7.4 2.287 30.8 2.7
Density/kb 12.7 6.7 6.1 13.9 10.5 n.a. n.a. 10.3 n.a. 13.5 7.2
a CpG, cytosine phosphoguanine.
b n.a., not applicable.
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had the highest frequency of motifs for all three clusters, while
the region from the TSS to 500 bp downstream had the lowest
frequency of motifs (Fig. 4, Table 3). Altogether, the 5 most
common motifs, CDC5, HNF1, PAX, MAZ, and FOX, from the
three clusters had multiple sites along the sequences of the
genes (Fig. 4). The sequences of these top 5 motifs were used to
make mouse-specific position–weight matrices (Supplemental
Fig. 1 and Supplemental Table 6) in which the consensus
sequences were similar but not identical to the sequences from
the TRANSFAC database, the position–weight matrices of
which were constructed from the sequences of multiple species
(see TRANSFAC at BIOBASE GmbH, Germany, http://www.
biobase.de/pages/products/databases.html).
Identification of theoretical cis-regulatory motifs and modules
using the CisModule
We employed the CisModule program [41] to identify
common cis-regulatory motifs and modules within a cluster. In
this study, we used the relaxed results with an 8- to 14-bp motif
length, and with up to 5 motifs per module. For each cluster, we
derived five distinctive theoretical motifs that were commonly
shared by 72 to 100% of those genes. Each motif was frequently
present at multiple sites within the 3-kb regulatory region we
analyzed above. The distribution of these theoretical motifs was
similar to the patterns we found for known transcription factor
motifs identified above, except the theoretical programTable 2
The percentages of genes in clusters 2, 10, and 12 containing the binding sites for t
Cluster 2 (18 genes)
Transcription factor CDC5 HNF1 PAX DR4
No. of genes 15 13 12 11
% 83 72 66.6 61
Cluster 10 (7 genes)
Transcription factor CDC5 HNF1 PAX BCD
No. of genes 7 7 7 5
% 100 100 100 71
Cluster 12 (15 genes)
Transcription factor PAX MAZ FOX BCD
No. of genes 12 11 10 9
% 80 73 66.6 60
a The full names of the transcription factors can be found in the legend to Fig. 3.predicted more sites for some motifs. This was because we
deliberately set the probability cutoff considerably lower for the
theoretical motif prediction to be more inclusive. Table 4
summarizes the motifs predicted by the CisModule program in
40 genes. Please refer to Supplemental Table 7 and Supple-
mental Fig. 2 for more detailed results and the position–weight
matrix of predicted motifs.
Then, we compared the predicted motifs to the core
sequences and the extended consensus sequences of the top 5
most frequently recurring known motifs, CDC5, HNF1, PAX,
MAZ, and FOX, found in the 40 genes. Of the 15 total predicted
motifs derived with CisModule (5 from each cluster), we found
the sequences of 10 motifs were comparable to the sequences of
these common known motifs, and the other 5 motifs were not
comparable. Although the extended sequence could differenti-
ate better among multiple known motifs such as CDC5, HNF1,
PAX, and FOX, neither the core sequence nor the extended
sequence could effectively separate CDC5 from HNF1, whose
core sequences were very similar (Supplemental Table 8). We
then conducted a search of known motifs in the TRANSFAC
database using the consensus sequences of these 5 unknown
motifs. None of them matched any known motif sequence in the
TRANSFAC database. Among these 5 unknown motifs,
however, 2 contained essentially the same sequence and were
shared by motif 3 of cluster 2 and motif 3 of cluster 10
(Supplemental Fig. 3). Thus, we were able to discover 4
potentially novel motifs. The module results generated from the
CisModule program were also computed. Searching for a higherhese major transcription factorsa
HNF4 MAZ
11 11
61 61
E2F1 GATA4 OCT1 T antigen TFIII
5 5 5 5 5
71 71 71 71 71
FOXD3 GATA4 HNF1 HNF3 PAX6
9 9 9 9 9
60 60 60 60 60
504 D. Choi et al. / Genomics 87 (2006) 500–508level of organization, we further analyzed the pattern of the
modules across genes within the cluster. For all three clusters,
several patterns of modules were shared by genes in each
cluster. Each such module was composed of either multiple sites
of a single repetitive motif or a combination of 2 or 3 different
motifs (data not shown). This further indicates that coexpressed
genes within a cluster not only have common motifs, but also
have common modules as derived from both a known motifdatabase, TRANSFAC/TRANSPLORER [40], and a motif
prediction program, CisModule [41].
Discussion
This study provides a detailed description of the general
architecture of cis-regulatory motifs and modules lying within
regulatory regions surrounding TSS for genes of several clusters
in the mouse genome. Two phenomena may be seen from this
information. One is that motifs for many transcription factors
coexist within the 3-kb regulatory regions of all genes we
analyzed. The other is that many motifs have multiple binding
sites within these regulatory regions. This architecture of
multiple cis-regulatory motifs and the repetitive sites within the
regulatory region of a gene is probably a common feature of
genomes of many species, including yeast [9,13,15,20,42],
Drosophila [7,19], and human [24]. We found that 73% of
binding sites were within the 2-kb noncoding region upstream
of TSS and 27% were within 1 kb downstream of the TSS,
while 7% of these were on exons. These findings are consistent
with the general distribution of cis-regulatory motifs compiled
for 95 well-characterized regulatory regions of the mouse
genome [43]. In addition, the low density of binding site motifs
within CpG islands is notable. CpG islands were previously
considered to be the major target for transcription factor
binding. However, we, along with one other group [43], found
that within regulatory regions, CpG islands occupied 23.8% of
the 3-kb sequences and contained only 19.3% of known DNA
binding sites. While non-CpG islands constituted 76.2% of the
3-kb sequences, they contained 80.7% of the known DNA
binding sites. This result indicates that CpG islands are not the
primary areas that are rich in transcription factor binding sites,
and non-CpG island areas within the regulatory regions are even
more likely to be targets of transcription factors.
The most important conclusion from our study is that genes
with tightly coordinated expression levels have common
transcription factor binding site motifs that could be the basis
for their coordinated expression. The successful identification
of these common condition-specific cis-regulatory motifs and
modules was achieved by combing experimentally derived
microarray data [38] with several analytical tools, including a
tight cluster analysis algorithm [39], a motif identification
program (TRANSPLORER) that was conjugated with the
TRANSFAC database [40] for known motifs, and last, a motifFig. 3. A schematic illustration of the architecture of known binding site motifs
and modules of transcription factors commonly shared by the regulatory regions
of genes in clusters 2, 10, and 12. The color-coded blocks represent the binding
site motifs of transcription factors. For convenience of illustration, only one
binding site is shown for those motifs with repetitive sites, and the positions of
the motifs are relative. The gene name appears on the right of each gene (refer to
Fig. 1 for the full names). The abbreviations for TFs are BCD, bicoid protein;
CDC5, cell division control protein 5; DR4, direct repeat 4 DNA binding
protein; E2F1, E2F transcription factor 1; FOX, forkhead-box transcription
factor; FOXD3, forkhead-box D3; HNF-1, hepatic nuclear factor 1; HNF3,
hepatocyte nuclear factor 3; HNF4, hepatic nuclear factor 4; GATA4, GATA-4
transcription factor; MAZ, myc-associated zinc finger protein; OCT1, octamer
factor 1; PAX, paired box protein; PAX6, paired box transcription factor 6;
TANTIGEN, major T antigen; TFIII, general transcription factor II-I.
Fig. 4. These graphs display the locations of the sites of the common motifs in the regulatory regions of the genes in the three clusters. The x axis represents the
regulatory region of the genes. The length of the region analyzed is 3 kb including the 2-kb upstream (from 0 to −2000 bp) and the 1-kb downstream (from 0 to 1000
bp). The point 0 represents the transcription start site (TSS). The y axis lists the transcription factor binding site motifs that are common to the genes of each cluster. The
total number of the sites for each motif is shown for all genes of each cluster. Each motif has its own color-coded symbol and each symbol represents one motif binding
site. The 3-kb region is divided into 500-bp segments. The distribution of the motifs is shown within each segment over the whole length of the regulatory region.
Upstream regions of the TSS from −500 to −2000 bp contain the highest frequency of the motifs. Downstream regions from the TSS to 500 bp contain the lowest
frequency. The full names of the transcription factors can be found in the legend to Fig. 3.
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necessary for success with this approach is the initial generation
of high-quality tight clusters. The cluster analysis algorithm
used in this study, which was developed by Tseng and Wong
[39], is based on resampling to extract stable and tight clusters
from gene expression data with less noise by not forcing all
genes into clusters. Very tight clustering of genes permitted the
identification of six to nine motifs common to the genes withineach cluster (Table 2 and Fig. 3). We further mapped the sites of
these common motifs within the 3-kb regulatory regions in the
genes of these three clusters and found that 500 to 2000 bp
upstream of the TSS contained the highest frequency of
common motifs, and 0 to 500 bp downstream of the TSS
contained the lowest (Table 3 and Fig. 4). This architecture of
common motifs and the associated modules indicates the close
physical relationship between the regulatory elements and the
Table 3
The location and frequency of common motif sites in the 3-kb regulatory regiona
Base pair
location
Cluster 2
(18 genes)
Cluster 10
(7 genes)
Cluster 12
(15 genes)
Total (40
genes)
Average site
per segment
−1500 to
−2000
21 16 30 67 1.7
−1000 to
−1500
33 19 48 100 2.5
−500 to
−1000
19 27 29 75 1.9
0 to −500 21 9 21 51 1.3
0 to 500 16 4 6 26 0.7
500 to
1000
18 12 18 48 1.2
Total 128 87 152 367 9.2
Average
site per
gene
7.1 12.4 10.1 9.2
a The 0-bp location represents the transcription start site (TSS). Upstream of
the TSS is negative and downstream of the TSS is positive. The number of the
sites counted is based on the combined number of sites of all common motifs
within the 500-bp segment. There are six common motifs in cluster 2 and nine
common motifs in clusters 10 and 12. See the names of the motifs in Table 2.
Table 4
Summary of the 15 motifs (5 motifs in each cluster) predicted by the CisModule
program in 40 genes of the three clusters
Motif 1 Motif 2 Motif 3 Motif 4 Motif 5
Cluster 2 (18 genes)
No. of genes 13 17 15 18 18
% 72 94 83 100 100
Cluster 10 (7 genes)
No. of genes 7 7 7 7 7
% 100 100 100 100 100
Cluster 12 (15 genes)
No. of genes 15 14 14 14 14
% 100 93 93 93 93
506 D. Choi et al. / Genomics 87 (2006) 500–508genes they modulate. The five most frequently recurring motifs,
CDC5, HNF1, PAX, MAZ, and FOX, were then investigated
for each cluster. Both clusters 2 and 10 contained motifs CDC5,
HNF1, and PAX, while cluster 12 contained motifs MAZ and
FOX in addition to PAX. The three most common motifs in
each cluster probably constituted modules but the precise
composition of these modules varied within each cluster (Figs. 3
and 4). It is interesting that the overall gene expression in cluster
2 and 10 was up-regulation (Fig. 1), and these genes shared the
same three common motifs, while the gene expression in cluster
12 was predominantly down-regulation and these genes shared
different motifs. This result helps confirm the accuracy of the
cluster analysis and the conclusion that gene expression patterns
reflect differences in cis-regulatory control mechanisms. It also
suggests that the presence of motifs and modules in the cis-
regulatory region should have predictive value regarding gene
expression.
The specificity of the binding site motifs for transcription
factors is a major focus of this study. It is generally considered
that cis-regulatory motifs are highly conserved within regula-
tory regions across a large variety of species and organisms over
phylogenetic evolution. This presents the possibility of
identifying cis-regulatory elements through comparative anal-
ysis [44–46]. However, the conservation of sequence-specific
motifs and modules is only relative since motif sequences are
somewhat variable and transcription factors are able to bind a
variety of DNA sequences. That variability is one explanation
for why identification of regulatory motifs is so difficult. To
ensure the specificity of these regulatory motifs we combined a
search of known transcription factor databases and the
prediction of cis-regulatory motifs without knowledge of any
known motif sequences. We used a conservative approach in
our search of the TRANSFAC database by setting a high
stringency weight (N0.9) for both the core sequence and the full-
length sequences to reduce false-positive returns. This strategyproved effective. Because some motifs had very similar core
sequences, for example, CDC5 and HNF1, using only a core
sequence of 5 to 6 bp was not sufficient to discriminate between
these motifs. For motif prediction with the CisModule program,
an alternative approach was taken by using the relaxed result
output to reduce false-negative returns since we were already
limiting results to the 5 most frequent motifs. This strategy was
also successful. The CisModule prediction program found a
large number of binding sites for all 15 predicted motifs in the
three clusters (5 motifs per cluster) (Table 4 and Supplemental
Table 7). The majority of these results were comparable but not
identical to the results for known motifs. Ten of 15 predicted
motifs were comparable to the 5 most common known motifs,
while 4 additional predicted motifs were not comparable and
were judged to be potentially novel (Supplemental Fig. 3 and
Supplemental Table 8). We found that motif sequence
variability was not consistent. Some motifs, such as MAZ,
had sequences that were highly consistent and some motifs,
such as CDC5, HNF1, PAX, and FOX, had sequences that were
highly variable especially in noncore regions (Supplemental
Table 6). This is graphically represented in the mouse-specific
PWM for the 5 most common known motifs (Supplemental Fig.
1). We assume that species-specific motifs will have a high
binding affinity for transcription factors of that species.
However, evidence of binding affinity will need to be verified
by other means, such as gel mobility-shift assays [32], in future
studies.
It has been proposed that a cluster of coexpressed genes
would have the same or related functions [35,36]. However, our
study suggests this may not always be true, especially with
complex mammalian genomes. We found that the majority of
the 35 clusters created from our microarray data contained
heterogeneous genes with a wide variety of functions and yet
shared the same expression pattern (Supplemental Table 1).
Furthermore, genes from a uniform family such as those of
ribosomal proteins were spread over several clusters and
demonstrated multiple patterns of gene expression under our
experimental conditions. We hypothesized that coexpressed
genes within tight clusters would share common regulatory
elements although they would not necessarily have the same
functions. Our data support this hypothesis. How the functions
of different genes in each cluster are related and why these
507D. Choi et al. / Genomics 87 (2006) 500–508genes need to be coregulated remain to be determined. A
complex organism needs to call upon many gene families and
their corresponding proteins with diverse functions as they
continually respond to changing conditions, such as in this case:
stress from corneal injury. The multiple binding sites for a single
motif and binding sites for multiple motifs and module
formation within the regulatory region most likely constitute
the structural basis to enable this required fine regulation of
gene expression.
This study is a demonstration of a successful strategy to
determine condition-specific coregulation mechanisms based
on cis-regulatory motifs and modules in a mammalian
genome. Our approach was initially directed at understand-
ing how corneal injury causes functional alterations in the
lacrimal gland but the results have broader implications.
This approach has the potential to discover the in vivo
mechanisms underlying gene coregulation derived from
known and novel cis-regulatory binding site motifs, and
their functional transcription factors, under a wide variety of
physiological and pathological conditions.Materials and methods
Cluster analysis of microarray data
A cluster algorithm developed by Tseng and Wong [39] was employed
for the analysis. This algorithm was specifically designed to avoid the
potential contamination of tightly coregulated expression patterns of genes
by other genes whose expression patterns are only loosely compatible. We
used this approach to perform cluster analysis of the significantly regulated
genes and thereby to identify subsets of genes with similar expression
patterns within each cluster. There are several parameters that can control
the number and size of clusters. We set the parameters as follows: the
number of clusters up to 50, min_k = 50, max_k = 80, α = 0.05, β = 0.9,
and total number of resampling 40 (defaults are 15, 35, 45, 0.1, 0.6, and
10, respectively). The chosen combination of parameters seemed to produce
smaller and tighter clusters than did the default settings. The algorithm was
particularly effective for our study considering only 811 of 5652 genes,
which were statistically significantly altered, were grouped into 35 tight
clusters. The source of the experimental data was a time-course (0.5, 1, 3,
8, 24, 72, 120, and 360 h) in vivo study using microarrays previously
conducted in our laboratory in mouse lacrimal gland tissue, which had been
subjected to stress created by acute corneal chemical injury [38]. The entire
microarray raw dataset from this study has been deposited into the Gene
Expression Omnibus database under Accession No. GSE1393 (http://www.
ncbi.nlm.nih.gov/projects/geo/query/acc.cgi).
Search of genomic DNA sequences
We began by examining three distinctive clusters (clusters 2, 10, and
12) and searched the mouse genomic DNA sequences for the coexpressed
genes in each cluster—using their gene IDs from the UCSC Genome
Browser mouse genome database [47] May 2004 edition (http://genome.
ucsc.edu/cgi-bin/hgGateway). This search generated full-length sequences for
candidate genes. Then, 3-kb sequences of these genes (2 kb upstream of the
annotated TSS and 1 kb downstream of TSS, Fig. 2) were analyzed for cis-
regulatory motifs and module identification. We chose this 3-kb limit
because Waterston et al. [43] analyzed 95 well-studied regulatory regions
and found that 85% of elements were located within 2 kb of promoters,
10% were in introns, and only 5% were more distal to promoters. Most
promoters resided immediately upstream of the TSS. Therefore, our strategy
to identify the majority of the regulatory elements by examining these 3-kb
sequences of coexpressed genes seems well justified.Identification of common DNA binding sites of known transcription
factors
A computing program, TRANSPLORER Professional 1.4 v, which was
conjugated with the latest release of TRANSFAC database [40] Professional
Edition r8.4 (BIOBASE GmbH, Germany, http://www.biobase.de/pages/
products/databases.html), was used to identify binding site motifs within the
3-kb regions of coexpressed genes. The database contains the largest collection
of transcription factors currently available and 741 unique position–weight
matrices for DNA motifs of transcription factor binding. We deliberately set a
high stringency cutoff (N0.9) for both the core sequence and the full-length
sequence of these matrices to reduce false-positive output when conducting the
searches of the motifs.
CisModule analysis
We used the CisModule program [41] to identify potential cis-regulatory
motifs and modules of transcription factors within the same 3-kb regions
mentioned above. This new approach employs a hierarchical mixture model to
incorporate the concept that binding sites for a set of interacting transcription
factors have a tendency to colocalize to the same modules, and coexpressed
genes in the same clusters have a higher likelihood of sharing similar cis-
regulatory motifs and modules. In the program, there are several parameters that
can be set by users. We tested a few combinations of settings for the maximum
number of motifs per module (3 and 5) and motif length (8–14 and 8–25 bp).
For each parameter combination, we chose the highest posterior odds result out
of 50–100 runs. The result with the longer motif length produced longer motifs
in general, and the total number of identified motifs was reduced. Overall, the
results from the shorter and the longer motif lengths were quite similar in terms
of identifying known and unknown motifs. Given the exploratory nature of our
application, we chose the output with a relaxed cutoff for further analysis with
up to five motifs and the shorter motif length.Acknowledgments
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